In spatial epidemiology, a scaling effect due to an aggregation of data from a finer to a coarser level is a common phenomenon. This article focuses on addressing this issue using a hierarchical Bayesian modeling framework. We propose three different multiscale models. The first two models use a shared random effect that the finer level inherits from the coarser level. The third one assumes two separate convolution models at the finer and coarser levels. All these models were compared based on deviance information criterion (DIC), Watanabe-Akaike or widely applicable information criterion (WAIC) and predictive accuracy applied on real and simulated data. The results indicate that the models with a shared random effect outperform the other models. 
INTRODUCTION
In disease mapping (spatial epidemiology), the main goal is to study the distribution of disease spatially. Often, pub- * Permission to make digital or hard copies of all or part of this work for personal or classroom use is granted without fee provided that copies are not made or distributed for profit or commercial advantage and that copies bear this notice and the full citation on the first page. Copyrights for components of this work owned by others than ACM must be honored. Abstracting with credit is permitted. To copy otherwise, or republish, to post on servers or to redistribute to lists, requires prior specific permission and/or a fee. Request permissions from Permissions@acm.org. lic health officers are interested to identify areas which have a higher risk for a certain infection. Several authors have studied this risk using a standardized mortality/morbidity ratio (SMR). However, this is a very simple approach and it does not accommodate the correlation between neighbors. To overcome the limitation with SMR, Besag et al. (1991) [1] proposed a convolution model that allows the relative risk to be statistically modeled by including spatially structured and unstructured random effects into the model. Even though the convolution model has been widely used in spatial epidemiology, it does not accommodate the spatial scaling effect associated to the aggregations of the data space.
Scaling is a special interest in disease mapping. To encompass this effect, Kolaczyk and Haung (2001) [3] have developed a multiscale modeling approach by factorizing the likelihood into individual components of local information. The model, which they developed, assumes that the hierarchical partitions correspond to successive aggregation of an initial data space. Nevertheless, their approach assumes the effects at the higher level are fixed not random. In addition, it is not flexible enough to make inference both at the higher and lower level at the same time. To overcome such issues, in this paper, we propose a multiscale modeling that can be used to make inferences both at the higher (areas) and lower levels (subareas) simultaneously using a Bayesian convolution model. We also evaluate the performance of the different multiscale models based on a simulation study.
GEORGIA ORAL CANCER DATA
These data consist of the number of persons discharged from non-Federal acute-care inpatient facilities for illness in 2008 at both the county and public health (PH) level. There are 159 counties nested within 18 public health districts. These PH districts are the administrative units that provide health services. Since a public health district contains at least one county, there may be a grouping effect, i.e., counties located within the same PH district may behave similarly. Figure 1 shows the Georgia map which consists of 18 PH districts and 159 counties. We can clearly see from the figure that the 159 counties are divided into 18 public health districts. Hence, we are interested to study the grouping effect which was occurred due to the classification of the counties into PH districts for providing health services. 
MULTISCALE MODELING
In disease mapping, the information conveyed by the maps varies with scale. Hence, this scale effect should be accommodated during modeling. Louie and Kolaczyk (2006) [4] proposed to factorize the likelihood which contains the information of the scaling effect in a multiscale fashion under the assumed Poisson model. They assumed a multinomial distribution for the data at the finer level conditioning on the coarser level. This approach is limited to the assumption of having fixed coarser level effect. In this work, we incorporate the scale effect using a convolution multiscale modeling approach. We have proposed three different models that encompass the scaling effect. We discuss each of these models in the following subsections:
Model 1
The data set considered for all the models is the Georgia oral cancer study. This data set is aggregated at the county and public health district levels. Let y 
. . , n, is the j th public health (PH) district level count of disease aggregated at the county level. In this model, we considered a joint convolution model at the county and public health district levels. The linkage between these two levels was incorporated in the model by including a shared spatial structured random effect, u 
Model 2
Model 2 is similar to Model 1 except now the spatial structured random effect at the county level, u (2)
Model 3
This model assumes two separate convolution models at both the county and PH levels. The model is of the form: 
Model Assessment and Goodness of Fit
To investigate how the models fit the data well, a deviance information criterion (DIC) was applied. We have also considered other criteria for model selection such as WAIC (Watanabe-Akaike or widely applicable information criterion [5] ). For a predictive accuracy assessment, mean absolute prediction error (MAPE) and mean square prediction error (MSPE) were used.
Simulation Study
A simulation study was conducted to compare the performance of the models for data generated under a hypothetical (theoretical) grid with three levels and under the real Georgia oral cancer study with two levels. Gamma distributions will be considered as a simple case but these will be extended later to spatially structured simulations for more realistic scenarios. In practice, we may have data at census tract, county, and public health district levels. Hence, we simulated data from a three level hypothetical grid which is divided into 2 4 x2 4 =256 smaller areas at the finest (lower) level, 2 3 x2 3 =64 areas (pixels) at the second (medium) level, and 2 2 x2 2 =16 areas at the coarser (higher) level. First, 256 samples were generated from a Poisson distribution at the finest (lower) level. To obtain the 64 samples at the next level (medium), we aggregated the samples at the finest level nested within the second level. Similarly, the 16 samples were obtained by aggregating the observations at the second level nested within the coarser level. Mathematically, this can be expressed as follows:
where e f i is the expected rate, θ f i denotes the relative risk at the finest level, y f i , i = 1, . . . , 256, y s j , j = 1, . . . , 64, and y h k , k = 1, . . . , 16, are the samples generated at the finest, second, and higher level, respectively. On the other hand, we sampled data that mimic the Georgia oral cancer study with two levels.
The models discussed above were fitted to 200 simulated data using the Monte Carlo Markov Chain (MCMC) method with 15000 samples after the first 15000 samples were discarded from the analysis. To compare the models, the bias and MSE of the relative risk were calculated.
To evaluate the predictive ability of the models, MSPE and MAPE were computed at each level and averaged over the 200 data sets. Besides, the DIC was calculated at each level to compare model performance. Finally, the computation time was extracted to compare the execution time for the models.
RESULTS

Simulation Results
The results obtained from the data generated under a hypothetical grid scenario are shown in Table 1 and Figure 2 . When the relative risk is assumed to follow a gamma distribution with shape and scale parameters equal to one, Models 1 and 2 produce DIC value less than Model 3, especially at lower and medium levels. Similarly, the bias and MSE of the relative risk computed from Models 1 and 2 are smaller than the bias and MSE of the relative risk obtained from Model 3. However, the three models produce similar MAPE and MSPE at all levels except there is a slight difference at the medium level. Model 1 converges faster than the other models. Table 2 displays the results of the fitted model to the simulated data that mimic the Georgia oral cancer study. We have also found here that Models 1 and 2 provide smaller DIC value than Model 3. The bias, MSE, MAPE, and MSPE are similar for all the three models. However, the MSPE at the public health district for Models 1 and 2 are smaller than the MSPE of Model 3.
Application to Data
To assess the benefit of including a shared random effect to handle the scale aggregation, we have applied the models discussed above to the Georgia oral cancer study. We can clearly see that, there is again in terms of model fit (DIC and WAIC), especially at the PH level (Table 3) . Moreover, the parsimony model (Model 1) fits the data slightly better than Model 2. Hence, including the structural random effect at the county level (Model 2) does not improve the model fit for this example other than adding model complexity. The predictive accuracy (MAPE and MSPE) at the PH level for Model 1 is better than the other models. However, the predictive accuracy at the county level is not quite different among the models. If we do not take into account for model complexity, Model 3 provides better model fit (Deviance) at the PH level compared to the shared random effect models (Models 1 and 2).
CONCLUSION
This paper was aimed at handling properly the scaling effect, which is common in disease mapping, using a multiscale modeling framework. We have shown that the scaling effect can be accommodated using a shared random effect. This model provides not only a better fit to the data, but also it produces a better predictive accuracy compared to the other models, especially at the coarser level. This is an expected result because the effect of the coarser level is inherited into the finer level through this shared random effect. Furthermore, we obtained an unbiased estimate of the relative risk. It also converges faster than the other models. In this paper, we introduced the shared random effect through the spatially structured random effect. Currently, we are investigating using a shared unstructured random effects to accommodate a scaling effect. Although our shared random effect model improves the model fit, especially at the coarser level, it does not quantify the scaling effect. Hence, measuring the scaling effect using correlation structures between the finer and coarser level is planned. Table 1 : Simulation results for data generated from a hypothetical grid. Lower, medium, and higher represent the three levels and PD is the number of effective parameters. θ and CT denotes the relative risk and the average computation time in seconds over the 200 data sets, respectively. The expected rates of the 256 areas were assumed to be equal to one. Figure 2: DIC and MSPE for the data generated from a hypothetical grid. 
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